Abstract Irrigation is an essential practice for sustaining global food production and many regional economies. Emerging scientific evidence indicates that irrigation substantially affects mean climate conditions in different regions of the world. Yet how this practice influences climate extremes is currently unknown. Here we use ensemble simulations with the Community Earth System Model to assess the impacts of irrigation on climate extremes. An evaluation of the model performance reveals that irrigation has a small yet overall beneficial effect on the representation of present-day near-surface climate. While the influence of irrigation on annual mean temperatures is limited, we find a large impact on temperature extremes, with a particularly strong cooling during the hottest day of the year (−0.78 K averaged over irrigated land). The strong influence on extremes stems from the timing of irrigation and its influence on land-atmosphere coupling strength. Together these effects result in asymmetric temperature responses, with a more pronounced cooling during hot and/or dry periods. The influence of irrigation is even more pronounced when considering subgrid-scale model output, suggesting that local effects of land management are far more important than previously thought. Our results underline that irrigation has substantially reduced our exposure to hot temperature extremes in the past and highlight the need to account for irrigation in future climate projections.
Introduction
Over 70% of the world's land surface is presently under direct human management [Luyssaert et al., 2014] . Using land resources in fulfillment of their needs, humans have either altered land surface properties (land cover changes) or modified characteristics of the existing land cover (land management changes), in some cases with harmful effects [e.g., Jacobs et al., 2016a Jacobs et al., , 2016b . Irrigation counts among the most widely applied land management technique and is an essential contributor to global food production. Although representing only ∼2% of the global land surface [Siebert et al., 2005] , irrigated land accounts for over 40% of the global food production [Lobell et al., 2006b; Bonfils and Lobell, 2007] . Throughout the last century, irrigation amounts have grown rapidly, with estimated total volumes increasing from around 500 km 3 yr −1 at the start of the twentieth century to between 2200 and 3000 km 3 yr −1 around the year 2000 [Shiklomanov, 2000; Döll and Siebert, 2002; Siebert and Döll, 2007; Hanasaki et al., 2008; Wisser et al., 2010] . In the future, land management is expected to expand and intensify to meet growing demand for food, fiber, and energy [Foley et al., 2011] . However, projected climate change caused by both anthropogenic greenhouse gas emissions and land use activities is likely to constrain an increase in irrigation.
Human land use activities have resulted in large changes to the biogeochemical and biogeophysical properties of the Earth surface, with profound implications for the climate system. Besides land cover changes, whose climatic consequences have been much studied in recent decades [e.g., Pongratz et al., 2009a Pongratz et al., , 2009b Akkermans et al., 2014] , land management changes have recently been advanced as another important human influence on the climate system. Analysis of ground measurements and remote sensing observations has shown that the aggregated impact of land management on surface temperature is of similar magnitude to that of land use change [Luyssaert et al., 2014] . Some land management practices were also identified as having the potential to either mitigate or aggravate climate extremes. For instance, Davin et al. [2014] showed how the enhanced surface albedo following suppressed tillage has a beneficial effect on European heat wave intensity. Likewise, Doughty et al. [2011] and Wilhelm et al. [2015] advocate that the use of brighter crops may reduce summertime maximum daily temperatures at high latitudes. To assess the biogeophysical effects of 10.1002/2016JD025740 land cover and land management changes in a multimodel framework, the Land Use Model Intercomparison Project was launched very recently within the framework of the Coupled Model Intercomparison Project phase 6 (CMIP6).
Irrigation is the land management practice with perhaps the largest effect on climate [Sacks et al., 2009] . The biogeophysical impacts of irrigation have been investigated in several regional climate modeling studies [e.g., Haddeland et al., 2006; Kueppers et al., 2007; Kueppers and Snyder, 2012; Saeed et al., 2009 Saeed et al., , 2013 Lu and Kueppers, 2015a; Lu et al., 2015b] . While using different irrigation implementations for different regions of the world, all of the regional studies report a cooling of the near-surface air in response to irrigation. Estimates of irrigation induced cooling in global climate model (GCM) studies remain uncertain, with reported impacts averaged over all land ranging from −0.15 K to +0.02 K [Boucher et al., 2004; Sacks et al., 2009; Puma and Cook, 2010; Cook et al., 2015] .
A number of challenges arise when representing irrigation in a GCM. (i) First, the applied amount of irrigation water needs to be realistic. This may be achieved either by prescribing historically observed irrigation amounts or by meeting crop water demands based on physical principles. Whereas the former strategy might be preferred when observed irrigation rates are available at high spatiotemporal resolution, the latter is useful in the absence of such data or when simulating future changes. (ii) Second, land surface models (LSMs) in GCMs should be capable of realistically simulating crop responses to irrigation. This requires explicit crop representation in LSMs, preferably on a separate soil column. Irrigated water can then be applied to the irrigated crop fraction of the grid cell only. (iii) Third, separating irrigation impacts from other effects, notably natural variability, is essential to investigate the two-way interactions between climate and irrigation. Internal variability may explain part of the impacts reported in previous modeling studies based on a single member, notably influences in regions at great distance from the applied forcing [e.g., Boucher et al., 2004; Sacks et al., 2009; Puma and Cook, 2010; Cook et al., 2011] and counter-intuitive effects such as a global mean warming [e.g., Sacks et al., 2009] or substantial warming in India [e.g., Boucher et al., 2004] . This may also explain why dynamical and remote responses to irrigation are often inconsistent across GCM simulations [Cook et al., 2011] . (iv) Finally, it needs to be determined whether representing irrigation improves the skill of the GCM in the present-day climate. This is particularly challenging for climate extremes, as the limited number of global observational data sets complicate a comprehensive model evaluation.
The main goal of this study is therefore to assess the climatic impacts of irrigation with particular attention to climate extremes and the physical mechanisms underlying these impacts. This is achieved by addressing the aforementioned challenges in the following way: (i) We apply a recent irrigation parameterization whereby actual irrigation quantities are computed based on local crop water demands but constrained by global observed irrigation amounts [Oleson et al., 2010] . This approach holds a good balance between applying actual irrigation observations [Boucher et al., 2004; Sacks et al., 2009; Puma and Cook, 2010; Cook et al., 2011 Cook et al., , 2015 and completely removing crop water stress [Lobell et al., 2006a; Kueppers et al., 2007; Kueppers and Snyder, 2012; Döll and Siebert, 2002; Saeed et al., 2009] , the latter implying an overestimation of actual irrigation amounts. (ii) This parameterization was implemented in version 4.0 of the Community Land Model (CLM4) [Oleson et al., 2010] . In CLM4, irrigation is applied to the irrigation crop fraction placed on a separate soil column, and the applied water is extracted from runoff, thereby closing the hydrological balance. (iii) We conduct ensemble simulations to limit the effects of natural variability on our results. (iv) Finally, we pay special attention to model evaluation, in particular by using global remote sensing and in situ observational data sets to assess the model's ability to reproduce observed irrigation quantities, the near-surface climate and precipitation. Adopting one or more of the above challenges may improve the representation of surface freshwater within a climate model, as demonstrated in several recent studies [e.g., Lobell et al., 2009; Cook et al., 2015; Thiery et al., 2014a Thiery et al., , 2014b Thiery et al., , 2015 Thiery et al., , 2016 . In addition to aforementioned improvements, our study is the first (i) to investigate the impacts of irrigation on climate extremes from a global perspective, (ii) using global climate experiments at an unprecedented spatial resolution of about 1 ∘ , (iii) to systematically decompose the irrigation impact on the surface energy balance, and finally, (iv) to consider irrigation influences at the subgrid scale.
In this paper, we first assess the added value of incorporating irrigation in present-day GCM simulations. The impacts of irrigation on climatic means and extremes are subsequently quantified by comparing ensemble simulations including irrigation to ensemble simulations where irrigation is switched off. This influence is then 10.1002/2016JD025740 investigated in more detail by applying a surface energy balance decomposition technique and studying the local versus regional effects induced by irrigation.
Model and Methods

CESM and Irrigation Implementation
To investigate the influence of irrigation on climate extremes, we use version 1.2 of the Community Earth System Model (CESM1.2, hereafter referred to as CESM), a fully coupled, state-of-the-art GCM [Hurrell et al., 2013] . This model applies version 5.3 of the Community Atmosphere Model (CAM5) to compute atmospheric processes, whereas the land surface is represented by version 4.0 of the Community Land Model (CLM4) [Oleson et al., 2010; Lawrence et al., 2011] . CLM4 includes an explicit treatment of photosynthesis which controls stomatal conductance. Furthermore, individual land pixels can be composed of multiple land units due to the nested tile approach, which enables the implementation of multiple soil columns and represents biomes as a combination of different plant functional types.
The interactive irrigation module in CLM4 is described in detail by Oleson et al. [2013] and summarized hereafter. Irrigation in CLM4 is implemented for C3 generic crops only, and irrigation rates depend on the vegetation state and the simulated soil moisture content (w, kg m −2 ). When the irrigation option is enabled, irrigated and rainfed crop fractions of each pixel are subdivided according to a high-resolution global data set ( Figure 1 ) [Siebert et al., 2005] . Irrigation areas are thus correctly represented by design. Irrigated crops are subsequently placed on a separate soil column to avoid irrigation water affecting other plant functional types (PFTs). Irrigation is activated only if water is limiting photosynthesis during the growing season [Leng et al., 2013] .
For each soil layer in the irrigated crop tile, the deficit between the actual and a target soil moisture content is replenished on a daily basis. The target soil moisture content in each soil layer i (w target,i , kg m −2 ) is computed at 6 A.M. local time from the crop's water demands and soil saturation in such a way that the global annual water amount added through irrigation matches present-day observed gross irrigation water use. In particular, w target,i is the weighted average of (i) the minimum w eliminating water stress in that layer (w o,i , kg m −2 ) and (ii) the saturated w in that layer (w sat,i , kg m −2 ):
The value 0.7 was chosen empirically to match global, annual irrigation amounts in CLM4 with values observed around the year 2000 (section 1). The total water deficit (w deficit , kg m −2 ) of the soil column is then obtained as the sum of all potential water deficits over the soil layers containing roots (topmost unfrozen layers only). An amount equal to w deficit is subsequently removed from total liquid runoff and applied directly to the ground surface. This approach mimicks extraction from nearby rivers but without imposing a limitation on water availability (i.e., runoff can have a negative value).
Experimental Design
We run CESM to generate two climate ensembles. First, a five-member control ensemble (hereafter referred to as CTL) is conducted without irrigation. The second five-member ensemble (hereafter referred to as IRR) is identical to the control experiment, except that the irrigation module is switched on. Model results are analyzed over global land and global irrigated land areas (excluding Antarctica) and highlighted for those regions where substantial irrigation activities are recorded: western North America (WNA), central North America (CNA), south Europe and Mediterranean (MED), West Asia (WAS), South Asia (SAS), Southeast Asia (SEA), and East Asia (EAS; Figure 1a ). The regions were originally defined in the Intergovernmental Panel on Climate Change (IPCC) Special Report on Managing the Risks of Extreme Events and Disasters to Advance Climate Change Adaptation (SREX) . We assume pixels to be irrigated if the irrigated fraction exceeds 10% of the total grid cell area, thus excluding pixels for which only limited influence is expected.
All simulations cover the period 1976-2010 (35 years), of which the first 5 years are considered as spin-up time and excluded from the analysis. On 1 January 1976, we imposed small random perturbations on the order of 10 −14 K to the initial temperature field. This way each ensemble contains five unique realizations in terms of natural variability but with an identical representation of the underlying physical processes [Perkins and Fischer, 2013] . We conducted our simulations at a horizontal resolution of 0.90 ∘ × 1.25 ∘ , with prescribed transient monthly sea surface temperatures and sea ice fractions from the data set described by Hurrell et al. [2008] . [Siebert et al., 2005] . Annual irrigation rates Q irr (mm yr −1 ; log scale) as (b) observed around 2000 [Helkowski, 2004; Sacks et al., 2009] and (c) simulated by CESM from 1981-2010. Sea surface temperatures were prescribed to focus on land-atmospheric interactions without the added complexity of ocean-atmosphere feedbacks in the climate system. In addition, transient greenhouse gas concentrations were prescribed from measurements, and satellite-based observations of vegetation phenology were imposed in CLM4. As such our CTL ensemble closely resembles the setup adopted for the CESM1.0 simulations conducted within the framework of the Atmospheric Model Intercomparison Project (AMIP). One exception is, however, land use, where we assumed static land cover corresponding to the year 2000 to be technically able to switch on the irrigation module. 
Evaluation Data Sets
The performance of the CTL and IRR ensembles is assessed by comparing model output to observational products for various quantities (see Table 1 for their technical specifications). To start, we pay particular attention to CLM4's ability to reproduce observed irrigation amounts by comparing it to census data compiled by the Food and Agricultural organization of the United Nations (FAO) and disaggregated on a grid (AQUA-STAT) [Helkowski, 2004; Sacks et al., 2009] . For temperature and precipitation, we use gridded data sets from the Climate Research Unit (CRU) [Harris et al., 2014] and the Global Precipitation Climatology Project (GPCP) [Huffman et al., 2001] . The surface net shortwave (SW net ) and longwave (LW net ) radiation were compared to satellite-derived values available from the Global Energy and Water Cycle Exchanges Project Surface Radiation Budget (GEWEX-SRB) [Stackhouse et al., 2011] , while latent heat flux (LHF) and sensible heat flux (SHF) were evaluated using observations from the Fluxnet Model Tree Ensembles data set (Fluxnet-MTE) [Jung et al., 2010] . In addition, LHF was also checked against the benchmark synthesis of available diagnostic evapotranspiration estimates (LandFlux-EVAL) [Mueller et al., 2013] and the Global Land Evaporation Amsterdam Model (GLEAM) [Miralles et al., 2011] . Finally, the annual maximum daytime temperature (TXx) and the annual minimum nighttime temperature (TNn) were compared to the daily Global Historical Climatology Network extremes data set (GHCNDEX) [Donat et al., 2013a] and to the Hadley Centre extremes data set (HadEX2) [Donat et al., 2013b] .
We conduct our model evaluation over the period when the gridded data sets are available: 1989-2005 for LandFlux-EVAL data set, 1982-2010 for the Fluxnet-MTE product, and 1984-2007 for the GEWEX-SRB data set, whereas evaluation using AQUASTAT, CRU, GPCP, GHCNDEX, and HadEX2 covers the entire analysis period. No height correction, gap filling, or other modifications were applied to the data sets. All observational products were remapped to the CESM grid using second-order conservative remapping [Jones, 1999] .
Extreme Indices
To assess the influence of irrigation on climate extremes, we compute a number of indices representing climate extremes from our model output. These indices are (i) the annual maximum daytime temperature TXx; (ii) the annual minimum nighttime temperature TNn; (iii) the largest number of consecutive dry days CDD, with dry days defined as days with 24 h accumulated precipitation below 1 mm; and (iv) the Heat Wave Duration Index, HWDI, that is, the number of days where, in intervals of at least six consecutive days, daily maximum temperatures exceed the 1981-2010 average, daily maximum temperature by 5 K.
Surface Energy Balance Decomposition
The energy balance at the surface-atmosphere interface can be written as
where is the surface emissivity; the Stefan-Boltzmann constant (5.67 × 10 −8 W m −2 K −4 ); T s the surface temperature; the surface albedo with respect to shortwave radiation; SW in the incoming shortwave radiation; LW in the incoming longwave radiation; LHF and SHF the turbulent fluxes of latent heat and sensible heat, respectively; and R the residual term, combining subsurface storage and conductive heat fluxes as well as anthropogenic heat sources arising from air conditioning and space heating.
We investigate the processes underlying the surface temperature response to irrigation using a surface energy balance decomposition method developed by Juang et al. [2007] and further modified by Luyssaert et al. [2014] . The method consists of decomposing the net impact on surface temperature arising from a given land cover or land management change into direct contributions of modified biogeophysical processes (such as surface reflection and evapotranspiration) and indirect contributions due to atmospheric feedbacks (such as cloud-radiative feedbacks). Several recent studies have successfully applied this method to CLM output [e.g., Akkermans et al., 2014; Thiery et al., 2015; Vanden Broucke et al., 2015] .
The change in surface temperature ΔT s is decomposed by calculating the total derivative of equation (2) and solving for ΔT s (assuming constant = 1):
Note that here T s denotes the surface radiative temperature at which the biogeohydrosphere complex emits longwave radiation to the atmosphere. All terms in equation (3) can be computed from the difference between both ensemble means (IRR minus CTL).
Results
Model Evaluation
Observed irrigation rates are reasonably reproduced by the IRR ensemble in terms of spatial patterns (Figures 1b-1c ). In particular, the model captures the higher irrigation quantities in the Indo-Gangetic Plain, associated with the extensive irrigation areas in this region ( Figure 1a ). When spatially averaged, annual irrigation amounts are well reproduced over most SREX regions, especially over South Asia (Figure 2 ). This suggests that CLM4 is generally able to represent irrigation over cropland areas. In contrast, irrigation rates are strongly underestimated over East and Southeast Asia. This underestimation is possibly because CLM4 considers only one single irrigated crop type and thus applies a generic soil moisture deficit computation (section 2.1) to the irrigation-intensive rice cultures of those regions. Although South Asia also has prominent rice cultivation, these cultures require relatively less irrigation compared to, e.g., wheat crops [Biemans et al., 2016] , since rice fields are typically located in the wettest part of the subcontinent. Moreover, a set of offline sensitivity experiments which set the weighting factor in equation (1) to values of 0.0, 0.3, 0.7, and 1.0, respectively [see also Leng et al., 2015] , indicates relatively little change in modeled absolute irrigation quantities in EAS and SEA, in contrast to other regions where modeled absolute irrigation amounts are greatly affected. This suggests that the underestimation in EAS and SEA is not related to a structural deficiency in the target soil moisture computation but rather to the general representation of the land cover characteristics or background climate. We finally note that model and reference are not entirely independent, as annual global gross irrigation amounts derived from the AQUASTAT database (2664 km 3 yr −1 [Helkowski, 2004; Sacks et al., 2009] ) were used to derive the empirical coefficient in equation (1). Indeed, the global irrigation amount computed by the IRR ensemble (2288 ± 103 km 3 yr −1 ) falls within the range marked by observational uncertainty (section 1). Nevertheless, since spatiotemporal irrigation patterns (Figures 1 and 2) were computed independently from the AQUASTAT data set, these model features can be evaluated.
Model biases and spatiotemporal root-mean-square error (RMSE) values relative to global observational products are listed in Table 2 . The simulations substantially overestimate mean land precipitation by ∼37-102 mm yr −1 , although the biases demonstrate strong spatial heterogeneity. On average CESM also overestimates the evaporative fraction; that is, it overestimates LHF by ∼1-4 W m −2 while underestimating SHF by ∼5 W m −2 . These model errors are particularly large in the tropics and Australia (not shown). The CTL ensemble furthermore demonstrates an average cold bias of −0.41 K over land. This bias is dominated by large errors over the Greenland ice sheet (not shown), which might be related to issues in the model's representation of polar clouds over this region [Van Tricht et al., 2016] . While having a slight cold bias on average over global land, CESM is consistently too warm over irrigated areas, both under mean and extreme conditions. Interestingly, switching on the irrigation module substantially reduces the warm bias found over irrigated areas in the CTL ensemble (Table 2 ). In contrast, the positive LHF bias is enhanced in the IRR ensemble as irrigation leads to an increase in evaporation. We check the added value of including irrigation in a systematic way by computing the percentage change in spatiotemporal RMSE for 12 observational products and over the SREX regions containing substantial irrigation as well as over global land and global irrigated land (Figure 3) . In general, spatiotemporal RMSE values decrease for 77 out of a total of 100 considered samples (77%), with an average RMSE decrease of 3%. Over irrigated land, an improvement is found for all considered observational products except GLEAM, whereas over global land the model skill improves for all variables except TNn ( Figure 3 ; Table 2 ). Thus, while the enhanced skill is small in absolute terms, it is consistent across a wide range of climatic variables and relevant spatial domains. A notable exception is the degraded representation of LHF for the IRR ensemble relative to the CTL ensemble over different regions (x axis) and with respect to 12 observational products (y axis). Considered regions are the seven SREX regions defined in section 2.3 plus global land and global irrigated land. Observational products are for irrigation rates (census data), latent heat flux LHF (LandFlux-EVAL, GLEAM), surface net shortwave SW net and longwave LW net radiation (GEWEX-SRB), near-surface air temperature T mean (CRU), precipitation (CRU and GPCP), monthly maximum daytime temperature TXx (GHCNDEX and HadEX2), and monthly minimum nighttime temperature TNn (GHCNDEX and HadEX2; see section 2.3 for a detailed description of these data sets). The RMSEs are computed for the ensemble mean, monthly climatology in every pixel, and subsequently averaged over the selected region (except for Q irr for which we have only annual observations available). Regions with an observational coverage below 50% are marked in white. Note that we assumed Q irr = 0 mm yr −1 in the CTL simulation.
over SAS in the IRR ensemble relative to the CTL ensemble. We note, however, that GLEAM and LandFlux-EVAL only indirectly account for irrigation influences on LHF, which adds to the uncertainty of assessments based on these products.
Overall, the results demonstrate that CESM is marked by substantial biases in terms of near-surface climate representation over land. The irrigation routine is, however, able to reproduce observed irrigation patterns, and including irrigation has a small yet robust beneficial effect on the representation of present-day near-surface climate in CESM. We therefore conclude that CESM is an appropriate tool to investigate the impact of irrigation on the climate.
Impact of Irrigation on the Mean Climate 3.2.1. Temperature and Turbulent Fluxes
Irrigation has a clear cooling effect on near-surface air temperature in irrigated regions (average impact of −0.20 K; see Table 3 and Figure 4a ). The land cools especially over irrigated parts of WNA (−0.13 K), CNA (−0.08 K), MED (−0.24 K), WAS (−0.29 K), SAS (−0.28 K), SEA (−0.07), and EAS (−0.10 K). Locally, the annual mean cooling exceeds −0.18 K in each of these regions, and in SAS impacts exceeding −1.6 K are found. Moreover, the cooling mostly coincides with an increase in LHF and a decrease in SHF (Figures 4c and 4d) . In section 3.4, we further investigate the processes underlying the obtained temperature impact.
Irrigation also induces remote temperature changes. Outside the irrigated areas, irrigation mostly leads to a cooling, except in the Sahara and Kazakhstan. The average irrigation impact on land is −0.05 K, consistent with estimates founds in other recent GCM studies (Table 3 and section 1).
According to our simulations, irrigation leads to an additional moisture input to the atmosphere of 418 km 3 yr −1 . 95% of this increase in evapotranspiration is realized over land and 81% over irrigated areas. Our evapotranspiration estimate is lower than that of previous modeling experiments (e.g., Sacks et al. [2009] Each variable on the y axis was binned according to daily mean temperature using a bin width of 5%; bar heights indicate the change in bin median and whiskers the change in 25th and 75th percentile of spatially averaged, daily values. The binning was performed on the individual ensemble members and bin statistics were subsequently averaged over all ensemble members.
Precipitation
As a result of irrigation, modeled precipitation decreases by −1.02 mm yr −1 on average over land and by −2.02 mm yr −1 over all irrigated pixels (Table 3 and Figure 4b ). Our perturbed initial condition ensemble suggests strong irrigation-induced precipitation increases over southern Europe and central Asia and to a lesser extend over North America. These changes may be ascribed to an intensification of the regional hydrological cycle. In contrast, a clear precipitation decrease is found in South and Southeast Asia due to a weakened monsoon circulation. Several irrigation modeling studies have indeed advanced that a reduced land sea contrast during spring delays the onset and/or decreases the intensity of the Indian summer monsoon [Puma and Cook, 2010; Guimberteau et al., 2012; de Vrese et al., 2016] , thereby eliminating an initial positive contribution to precipitation from enhanced evapotranspiration [Wei et al., 2013] . The substantial springtime cooling found over SAS in our simulations (section 3.4) corroborates this hypothesis.
By modifying large-scale circulation, irrigation may also lead to remote precipitation changes. For instance, as in de Vrese et al. [2016] , our simulations indicate an irrigation-induced increase in precipitation over the Horn of Africa and the African Great Lakes region. However, this increase is much less pronounced in our simulations. Further, we find more pronounced remote changes in other regions, notably a strong drying over the Amazon basin and moderate precipitation reductions in Australia and along a substantial part of the Atlantic and East Pacific coastlines. Again, this is inconsistent with precipitation impacts reported in earlier studies [e.g., Cook et al., 2011 Cook et al., , 2015 Krakauer et al., 2016; de Vrese et al., 2016] . Likely, these differences can be attributed to differences in model setup, number of ensemble members, and the applied irrigation forcing [Krakauer et al., 2016] . But also convective triggering remains a major source of uncertainty in current GCMs. This overall suggests that coordinated multimodel experiments are needed to identify robust impacts of irrigation on precipitation.
Asymmetric Response and Impact on Extremes
Our simulations show differential temperature changes during cold and warm days in response to irrigation. In the Mediterranean region, for instance, lower temperatures generally increase whereas high temperatures decrease (Figure 5b) . Consequently, irrigation-induced cooling is 4.0 times stronger here during the 20% warmest days of the year compared to the average change. Similar effects are also found in South Asia, especially when binning ΔT 2m according to precipitation instead of temperature percentiles (Figure 6b ). This indicates that the strongest climatic impacts occur during the dry periods of the monsoon cycle.
The primary reason for this behavior is rather straightforward: by design, irrigation will apply more water during periods with a substantial soil moisture deficit, i.e., during the hottest and/or driest period of the year (Figures 5a and 6a) . During such periods climatic responses are thus expected to be strongest. In contrast, the temperature rise found for the lower MED percentiles cannot be caused by a change in evaporative fraction, as LHF values increase across all temperature percentiles whereas the SHF nearly always decreases ( Figures 5c and 5d ). Other effects leading to enhanced net radiation available at the surface are therefore responsible for the higher temperatures in the IRR ensemble (see sections 2.5 and 3.5).
In addition to climatological extremes, irrigation may also induce hydrological extremes. In our simulations, where irrigation water is entirely removed from runoff, irrigation translates into substantial reductions in runoff under warm and/or dry conditions. In the Mediterranean region, low flows are the most affected, as irrigation is a summer phenomenon there. During the 20% warmest days of the year, irrigation in the Mediterranean requires 4.8 times more water than available through runoff, suggesting that in reality irrigation water is extracted from unsustainable sources during this period. This highlights the vulnerability of this region in terms of water resources, especially in the context of increased observed drought risk [Gudmundsson and Seneviratne, 2016] and projected reductions in water availability [Orlowsky et al., 2014] . In contrast, South Asia experiences the driest conditions in spring when rivers are fed by meltwater from the Himalayas. Although much more intense than MED, irrigation therefore consumes only the equivalent of 68% of the total runoff during the 20% driest days of the year. Note, however, that our simulations do not differentiate between surface and groundwater sources for irrigation [Leng et al., 2015] ; therefore, a detailed analysis of irrigation impacts on water resources is not possible with the present model configuration.
The asymmetric response to irrigation translates into strong changes in temperature extremes: TXx consistently decreases over almost all land pixels, and locally by more than 3 K, whereas TNn generally increases, locally by more than 2 K (Figure 7) . Averaged over irrigated land, the decrease in TXx (−0.78 K) is 3.8 times stronger than the cooling of the annual mean temperature (3.2 times over all land; Table 3) . Our simulations furthermore demonstrate a considerable decrease in heat wave duration, as illustrated here by the change in the Heat Wave Duration Index (HWDI; Figure 7c ). The irrigation-induced reduction in heat wave duration is consistent with the conclusions of previous studies [e.g., Seneviratne et al., 2006; Fischer et al., 2007; Hirschi et al., 2010; Miralles et al., 2014] that soil dessication is a key contributor to the development of extreme heat waves. Besides directly adding water to the irrigated soil column, changing precipitation patterns also modify soil moisture for the entire vegetated fractions. More specifically, by reducing the number of consecutive dry days (CDD) in irrigated regions (Figure 7d ). Irrigation may thus shift an entire region from a soil moisture-limited toward an energy-limited evaporation regime and thereby render it less prone to extreme temperature variability [Seneviratne et al., 2006 Hirsch et al., 2014a] .
Decomposing the Irrigation-Induced Surface Temperature Change
The six factors contributing to the net change in surface temperature ΔT s (equation (3)) are shown in Figure 8 and are expressed in kelvin. Over irrigated land, the net temperature signal is dominated by the change in turbulent flux partitioning of the net surface radiation (Figure 8b ; see also Figures 4c and 4d) . A strong increase in LHF contributes to a lower ΔT s by −0.65 K in these pixels and thereby forms the largest individual contribution to ΔT s . This cooling effect is then partly offset by the warming influence of Δ SHF amounting up to 0.53 K (a reduced upward SHF leaves more energy available at the surface). Overall, the irrigation-induced cooling due to the increased evaporative fraction is consistent with Cook et al. [2015] but contrasts with Sacks et al. [2009] who attribute the irrigation effects mostly to changes in cloud cover and associated surface net radiation. Sacks et al. [2009] performed their experiments with an earlier version of the atmospheric model (CAM3), wherein convection is very sensitive to surface LHF changes. This may explain why cloud cover and radiative fluxes are much more affected in their simulations.
Other effects have only a minor influence on ΔT s . Wet soils are darker and therefore reflect less incoming radiation, resulting in a direct positive contribution to ΔT s from changing albedo of +0.08 K over irrigated regions. Note that since we prescribe vegetation phenology in our simulations, potential irrigation-induced changes in crop albedo (e.g., a decrease due to greening) are not captured. The remaining contributions to ΔT s are all negative and originate from decreasing incoming shortwave (−0.18 K) and longwave (−0.01 K) Figure 9 . Seasonal cycle of irrigation-induced changes in surface temperatures. Monthly mean contributions to ΔT s as described in equation (3) over (a, c, e, and g) all pixels and (b, d, f, and h) irrigated pixels of Western North America (WNA; Figures 9a and 9b) , Central North America (CNA; Figures 9c and 9d) , south Europe and Mediterranean (MED; Figures 9e and 9f ) , and West Asia (WAS; Figures 9g and 9h) . The individual contributions are visualized as stacked bars, whereas the brown line shows the net T s change. The impact on annual mean T s is shown right of the grey line. radiation caused by changing cloud cover and atmospheric temperature, and finally from a reduction in the residual heat flux (−0.08 K; Figure 8b ).
As expected, irrigation impacts on T s critically depend on irrigation extent. This is illustrated by comparing the impacts over irrigated land to those over all land (Figure 8a ) and to the difference between the irrigated and rainfed crop tiles within grid cells of the IRR ensemble (Figure 8c ). The temperature impact of irrigation is much larger over irrigated pixels compared to the rest of the total land area (Table 3) their rainfed counterpart within the same pixel (Figure 8c ). Furthermore, due to the remote effects of irrigation (e.g., changes in the hydrological cycle, atmospheric circulation, and cloud cover) and the larger contribution of natural variability, the relative contribution of the other components also grows larger when considering all land pixels (Figure 8a ). And again we find the largest individual contributions when comparing surface energy balance contributions at the subgrid scale. Note that in the latter case, contributions from changing incoming shortwave and longwave radiation are absent per definition, since both crop tiles receive the same atmospheric forcing. A more detailed description of grid-scale versus subgrid-scale effects is provided in section 3.5.
The irrigation influence on T s is generally characterized by a clear seasonal pattern, with stronger cooling during the hottest and/or driest months. In particular, the strongest cooling effects occur during the boreal summer months over Northern Hemisphere midlatitude regions WNA, CNA, MED, and WAS ( Figure 9) . In South Asia, we find the strongest cooling during the dry springtime months, followed by a sharp decline at the time of the onset of the summer monsoon (Figures 10a and 10b) . Interestingly, our results show a warming during boreal winter in WNA and CNA, consistent with the rise in TNn (Figures 9a-9d and 7b ). This warming is predominantly caused by enhanced incoming longwave radiation and the wet soil albedo effect in January and February.
In contrast, no substantial influence is found over SEA and EAS, despite modeled irrigation amounts being roughly equal to WNA and CNA (Figures 2 and 10c-10f ). This suggests that irrigation impacts critically depend on the background climate. When analyzing land climate interactions, typically three soil moisture regimes are considered: a wet and a dry regime, where soil moisture does not impact evapotranspiration variability, and a transitional regime where soil moisture strongly constrains evapotranspiration variability and thereby atmospheric responses . In modeling studies this relationship is often evaluated by the covariance of soil moisture and temperature and termed land-atmosphere coupling strength [Koster et al., 2006; Hirsch et al., 2014a Hirsch et al., , 2014b . Several modeling studies have indeed shown that WNA and CNA are characterized by strong land-atmosphere coupling (with evapotranspiration thus strongly depending on soil moisture content), whereas SEA and EAS generally display weaker coupling [e.g., Koster et al., 2006; Seneviratne et al., 2006] . This is confirmed by our simulations, which indicate that evapotranspiration increases with irrigation over WNA (+8.86 mm yr −1 ) and CNA (+3.24 mm yr −1 ), while it decreases over SEA (+5.52 mm yr −1 ) and EAS (+5.26 mm yr −1 ; Figure 4c ). Injecting soil moisture via irrigation will thus lead to stronger climatic responses in WNA and CNA than in SEA and EAS.
Subgrid-Scale Impacts
Many land surface models nowadays represent land cover heterogeneity within grid cells through a mosaic of subgrid tiles with distinct physical, biogeochemical, and ecological characteristics [e.g., Cook et al., 2011; Guimberteau et al., 2012; Oleson et al., 2013; de Vrese et al., 2016 ]. Yet few studies have exploited the wealth of information available at the subgrid scale. Two noteworthy exceptions are the studies by Malyshev et al. [2015] and Schultz et al. [2016] , who analyzed subgrid-scale output to assess local impacts of transient land cover changes and different land model configurations.
Here we use tiled model output to evaluate regional (grid-scale) versus local (subgrid-scale) influences of irrigation. In CLM4, up to 21 different surface tiles may occur within a single grid cell, including glacier, wetland, lake, urban, bare soil, and 16 PFTs. All tiles are placed on one single soil column, except for the irrigated crop tile which has a separate soil column. This enables the soils underneath rainfed and irrigated crop tiles to respond differently to an identical atmospheric forcing, a feature which is key for distinguishing subgrid-scale effects [Schultz et al., 2016] . We consider surface radiative temperature T s , which we compute from the longwave radiation LW out emitted by the surface using the Stefan-Boltzmann law (assuming constant = 1). Since T s is closer tied to the state of the land than to the state of the atmosphere, it is a more suitable measure than 2 m temperature for this type of analysis [Malyshev et al., 2015] . In addition, we analyze the effects on evapotranspiration (ET), taken here as the sum of canopy evaporation, canopy transpiration, and ground evaporation.
Our results indicate that subgrid-scale influences of irrigation are much more pronounced than grid-scale effects (Figures 11a and 11c) . Irrigated tiles are on average −0.50 K colder than their rainfed counterparts, whereas the average difference is only −0.12 K on the grid cell level. The subgrid cooling effect is particularly strong in MED and SAS, with T s decreasing by −0.88 K and −0.68 K, respectively (relative to −0.17 K and −0.23 K at the grid scale). Furthermore, we again find that the effect is much smaller over SEA and EAS compared to WNA and CNA, confirming the importance of the background soil moisture regime when considering the climatic effects of irrigation. Differences are even more pronounced when comparing grid-and subgrid-scale ET values (Figures 11b and 11d) . ET over irrigated tiles is 172 mm yr −1 higher compared to rainfed tiles, while it is only 16 mm yr −1 higher at the grid cell level. Even when scaling the subgrid irrigation effect on ET by the irrigated fraction within each grid cell, ET values are still higher than the total effect in SAS, suggesting that region-scale feedbacks caused by irrigation act to reduce ET from other land surface tiles.
This analysis overall suggests that climatic influences land of land use and land management changes may be much larger at the local scale then previously considered by grid-scale approaches. In fact, our current estimate of the subgrid-scale cooling effect can even be considered conservative. For T s over the rainfed crop tile will generally be lower then if there would be no irrigation, since the tile undergoes an atmospheric forcing which already incorporates the prior effects of irrigation. However, care must be taken when assessing local irrigation impacts using subgrid-scale information, since the rainfed crop tile currently still shares a soil column with other PFTs. Unlike irrigated crops, rainfed crops thus compete for water with other vegetation types, which may influence the subgrid-scale SEB response to irrigation [Schultz et al., 2016] .
Discussion
Asymmetric temperature responses were already described for other land surface perturbations, for instance, regarding soil moisture deficits [Jaeger and Seneviratne, 2011; Seneviratne et al., 2013] or surface albedo management [Davin et al., 2014; Wilhelm et al., 2015] . Also, the asymmetric temperature response to anthropogenic greenhouse gas emissions is well known [e.g., Orlowsky and Seneviratne, 2012; Seneviratne et al., 2016] . Here we show that irrigation effects are highly dependent on the time of the year and that impacts on climate extremes are much more pronounced than influences on climatic averages. This is highly relevant for understanding the past and possible future climatic effects of irrigation, particularly since most research to date has focused only on the effects on the mean climate. The strong response also suggests that irrigation may have masked warming trends for temperature extremes in several regions of the world.
Our results also indicate that accounting for natural variability is of key importance to properly assess climatic impacts of land surface changes. In particular, it is clear that running ensemble GCM simulations is required to minimize spurious effects due to internal variability [Lorenz et al., 2016] . For instance, when selecting random pairs of IRR and CTL simulations, the influence of irrigation on global land temperatures varies between −0.12 K and 0.01 K. The need to run ensemble simulations is even more pressing when assessing impacts on variables characterized by lower signal-to-noise ratios, such as precipitation. Natural variability has therefore likely influenced previous estimates of irrigation effects that were based on single-member simulations. Note that while we have tried to limit the influence of natural variability by conducting five-member ensembles with perturbed initial conditions, quantifying the remaining uncertainty related to natural variability lies beyond the scope of this study.
Although the present study was conducted with a state-of-the-art modeling system, and with greatest care for achieving realism, several future developments could potentially improve the understanding of the climatic influences of irrigation. First, we assumed year 2000 irrigation extent as input to the irrigation module in our otherwise transient simulations. Irrigation quantities applied during all years are thus representative for the year 2000, while in reality quantities increased during the simulation period . Currently supported versions of CLM cannot handle transient irrigation extent as irrigated crops are placed on a separate soil column with a fixed grid cell fraction. From version 5 onward, CLM will account for transient irrigation areas and volumes. Second, in this study we considered only one generic type of managed crop. From CLM4.5 onward, four types of irrigated crops are distinguished (corn, spring temperate cereal, winter temperate cereal, and soybean), but at the same time irrigation is only enabled in case of interactive carbon cycle modeling. This greatly increases the number of required spin-up years (on the order of thousands of years) and was therefore not considered in this study. Likewise, we do not account for water storage (e.g., rainwater tanks [Demuzere et al., 2014] ) nor for differences in irrigation techniques (e.g., flood, drip, or spray irrigation [Lawston et al., 2015] ) but rather extract the required irrigation amounts from runoff and apply it directly to the soil surface. As such we do not account for water supply limitations nor do we represent the various sources of irrigation water (e.g., runoff, reservoirs, or aquifers) and associated differences in soil water dynamics [e.g., Tsakiris et al., 2013] . The poor representation of irrigation infrastructure, water availability, and of different crop types with their own growth cycle may lead to errors in the quantities and timing of irrigation. Other structural model deficiencies may add to uncertainties in the climatic response to irrigation. For instance, the empirically derived soil moisture stress functions utilized in most land surface models of this class represent a major source of uncertainty, and the same can be said of the parameterizations of convective triggering. Finally, we do not consider the role of ocean-atmosphere interactions in modulating the climatic impacts of irrigation, while these effects may be considerable [Krakauer et al., 2016] .
Conclusions
In this study we assessed the influence of irrigation on global climate and climate extremes for the period of 1981-2010 using the Community Earth System Model. Efforts were made to enhance the realism of the model experiments by (i) employing an irrigation parameterization which is able to compute realistic irrigation amounts based on local crop water demand and a global constraint, (ii) applying this water to a separate, irrigated crop tile while closing the hydrological balance, and (iii) reducing the effect of natural variability through ensemble simulations.
A comprehensive model evaluation demonstrates that the model reproduces observed irrigation rates, except over East and Southeast Asia. While the control ensemble is characterized by substantial biases in terms of near-surface climate representation, switching on the irrigation routine yields a small but robust improvement across a wide range of climatic variables and spatial domains. Averaged over irrigated land, we even note an improvement for all 13 considered observational products.
Irrigation reduces near-surface air temperatures in irrigated areas, but the overall cooling is relatively small (−0.20 K) . Decomposing the temperature impact shows that the cooling is predominantly caused by an increase in evaporative fraction, with only a minor influence of reduced net radiation to the surface. Irrigation also typically generates an intensification of the hydrological cycle, except over South and Southeast Asia where a weakening of the monsoon circulation leads to substantial decreases in precipitation. While we also found remote precipitation changes, these effects may still be partly due to effects of natural variability. Furthermore, irrigation impacts critically depend on the background climate, as exemplified by the varying seasonal cycle of surface temperature responses and the role of the soil moisture regime in modulating temperature responses. Finally, we found that subgrid-scale influences of irrigation on surface temperatures and evapotranspiration are much stronger than grid-scale effects. This suggests that local effects of land management practices are far more important then previously thought.
Irrigation has a strong and spatially consistent impact on temperature extremes. Annual maximum daytime temperatures, for instance, decrease by −0.78 K on average over irrigated areas, while cold extremes are dampened as well due to atmospheric feedbacks. Besides applying most water when it is hot and dry, irrigation will also reduce the overall susceptibility of a region to land-atmosphere coupling and thereby its sensitivity to temperature variability.
Our findings overall underline that irrigation has substantially reduced human exposure to climate extremes so far and that future climate projections therefore need to account for irrigation effects.
